G-protein coupled receptors (GPCRs) are transmembrane proteins which via G-proteins initiate some of the important signaling pathways in a cell and are involved in various physiological processes. Thus, computational prediction and classification of GPCRs can supply significant information for the development of novel drugs in pharmaceutical industry. In this paper, a nearest neighbor method has been introduced to discriminate GPCRs from non-GPCRs and subsequently classify GPCRs at four levels on the basis of amino acid composition and dipeptide composition of proteins. Its performance is evaluated on a non-redundant dataset consisted of 1406 GPCRs for six families and 1406 globular proteins using the jackknife test. The present method based on amino acid composition achieved an overall accuracy of 96.4% and Matthew's correlation coefficient (MCC) of 0.930 for correctly picking out the GPCRs from globular proteins. The overall accuracy and MCC were further enhanced to 99.8% and 0.996 by dipeptide composition-based method. On the other hand, the present method has successfully classified 1406 GPCRs into six families with an overall accuracy of 89.6 and 98.8% using amino acid composition and dipeptide composition, respectively. For the subfamily prediction of 1181 GPCRs of rhodopsin-like family, the present method achieved an overall accuracy of 76.7 and 94.5% based on the amino acid composition and dipeptide composition, respectively. Finally, GPCRs belonging to the amine subfamily and olfactory subfamily of rhodopsin-like family were further analyzed at the type level. The overall accuracy of dipeptide composition-based method for the classification of amine type and olfactory type of GPCRs reached 94.5 and 86.9%, respectively, while the overall accuracy of amino acid composition-based method was very low for both subfamilies. In comparison with existing methods in the literature, the present method also displayed great competitiveness. These results demonstrate the effectiveness of our method on identifying and classifying GPCRs correctly. GPCRsIdentifier, a corresponding stand-alone executable program for GPCR identification and classification was also developed, which can be acquired freely on request from the authors for academic purposes.
Introduction
G-protein coupled receptors (GPCRs) play an extremely important role in transducing extracellular signals across the cell membrane via guanine-binding proteins (G-proteins) with high specificity and sensitivity, a good example is the coupling interaction mechanism between thromboxane A2 receptor and alpha-13 subunit of guanine nucleotide-binding protein presented detailedly in literature (Chou, 2005a) . GPCRs are central to a broad range of physiologic events, including heart rate, proliferation, chemotaxis, neurotransmission and hormone secretion (Spiegel et al., 1992) , and are consequently potential targets for the development of novel drugs. The family of GPCRs is the largest known class of cell surface receptors (Strader et al., 1994) , whose members have a seven-transmembrane domain structure with an extracellular N-terminus and a cytoplasmic C-terminus (Baldwin, 1994) . Unfortunately, detailed information about the molecular structure of GPCRs is insufficient for structure-based drug design because of the difficulty in crystallization of membrane-bound proteins. The atomic-level structure has been solved only for bovine rhodopsin (Teller et al., 2001) . With the rapid accumulation of biological data produced by many large-scale genome sequencing projects, it is possible to develop theoretical methods to predict the structure and function of GPCRs (Vaidehi et al., 2002) . GPCRDB is a molecular class-specific information system that collects heterogeneous data on GPCRs, including data on sequences, ligand-binding constants and mutations (Horn et al., 2003) . All protein sequences in GPCRDB are mainly divided into six families: rhodopsin-like family, secretin-like family, metabotropic glutamate family, fungal pheromone family, cAMP receptor family and frizzled/smoothened family. Each family covers several subfamilies of GPCRs. In addition, some putative families, orphan receptors and non-GPCRs families are also included in the database. Detailed description refers to the website via http://www.gpcr.org/7tm/. Since the families of GPCRs are closely correlated with their structure and function, it is significant to develop an automatic computational method for identifying these transmembrane proteins from genome sequences and classifying them based on their biological function.
Many methods have been proposed for the prediction of GPCRs in the past few years. One commonly used method is sequence similarity searching in protein database by sequence alignment tools based on pairwise similarity, such as BLAST and FASTA (Altschul et al., 1997; Pearson, 2000) . Several pattern databases have been constructed by some investigators (Lapinsh et al., 2002; Sadowski and Parish, 2003) . However, these methods are not always successful when the query protein sequences have no significant sequence similarity to the database sequences. On the other hand, in the case of GPCRs, the function-similarity relationship is still unclear (Yabuki et al., 2005) . Therefore, some statistical and machine learning methods have been proposed, including the statistical analysis method , covariant discriminant algorithm Chou, 2005b) , support vector machines (SVMs) (Karchin et al., 2002; Raghava, 2004, 2005; Guo et al., 2005) , hidden Markov models (HMMs) (Qian et al., 2003; Papasaikas et al., 2004) and bagging classification tree (Huang et al., 2004) . There are other methods, such as binary topology pattern (Inoue et al., 2004) . Though most of the methods have achieved a high overall accuracy at superfamily, family, subfamily or type level, none of them consider the prediction of GPCRs at four levels. In general, a four-level prediction of GPCRs is suitable for understanding their biological function in a cell comprehensively. And besides, many novel receptors have entered into the GPCRDB. They are expected to improve the recognition performance of GPCRs significantly. These motivate us to develop a novel method to deal with such situation.
In this paper, we introduced a nearest neighbor method for the identification and classification of GPCRs at four levels using a stepwise procedure. First, the method was used to identify GPCRs from non-GPCRs. In our work the nonGPCRs corresponded to the globular proteins. Then, the GPCRs were classified into six major families. Next, those GPCRs of rhodopsin-like family were further divided at subfamily level. Finally, GPCRs falling into the amine subfamily and olfactory subfamily of rhodopsin-like family were analyzed at type level. In this study, amino acid composition and dipeptide composition of proteins were used to represent protein sequences. The dipeptide composition has been used to predict the contents of protein secondary structures (Chou, 1999; Liu and Chou, 1999) . The prediction performance was evaluated on a non-redundant dataset consisted of 1406 GPCRs and 1406 globular proteins using the jackknife test. A high overall accuracy has been achieved in each step using dipeptide-based method. Moreover, comparisons with existing methods in the literature show that the present method achieves great competitive performance.
Materials and methods

Dataset
To exclude the homology bias, the proposed method was developed on a new non-redundant dataset. The original dataset built in our work comprises 5305 GPCRs from six families and 2466 globular proteins. All the GPCRs were extracted from the GPCRDB information system March 2005 release 9.0 (Horn et al., 2003) . The globular proteins were extracted from the PDB90D_1.37 database of SCOP (Murzin et al., 1995; Berman et al., 2000) , which have been used by some previous methods (Karchin et al., 2002; Raghava, 2004, 2005) . All putative, orphan receptors and fragments of receptors were excluded from the dataset. Furthermore, to reduce the bias, a redundancy reduction procedure was performed on the original dataset. Sequences with a high degree of similarity to other sequences in the dataset were removed by the program CD-HIT (Li et al., 2001 (Li et al., , 2002 . This program clusters protein sequence database at high sequence identity threshold and can remove the high sequence redundancy efficiently. We grouped all protein sequences by CD-HIT with the cluster identity threshold of 0.7 to ensure that no sequence had >70% sequence similarity to any sequences in the dataset. After such a screening procedure, the resulting dataset contains 1406 GPCRS and 2046 globular proteins. We only selected 1406 globular proteins for subsequent discrimination analysis, so that the number of positive and negative prototypes in the final dataset was equal.
Nearest neighbor algorithm
Nearest neighbor algorithm is a simple yet effective method for performing general, non-parametric classification (Cover and Hart, 1967) . It has been used to predict protein secondary structure (Yi and Lander, 1993) , protein b-turn (Kim, 2004) , enzyme family class (Chou and Cai, 2004a,b) , protein subcellular localization (Chou and Cai, 2003; Cai and Chou, 2004; Gao et al., 2005) , membrane type (Chou and Cai, 2005) and protein-protein interaction (Chou and Cai, 2006) . In view of its low probability of error, we apply nearest neighbor algorithm to the task of identification and classification of GPCRs.
The basic idea of nearest neighbor algorithm is described briefly as follows (Duda et al., 2000) . Let D n = {x 1 ,. . .,x n } denote a set of n labeled prototypes and let x 0 2 D n be the prototype nearest to a test point x. Then the nearest neighbor rule for classifying x is to assign it to the label associated with x 0 . The nearest neighbor rule is a suboptimal procedure and leads to an error rate greater than the minimum possible, the Bayes rate. However, with an unlimited number of prototypes the error rate is never worse than twice the Bayes rate. To accomplish this task, we define a similarity measurement based on Euclidean distance by
where kk is the Euclidean norm. According to the nearest neighbor rule, we have the following equation
Protein representation
Amino acid composition: Amino acid composition represents the occurrence frequency of all natural amino acids in a protein sequence and corresponds to a 20D (dimensional) feature vector. The occurrence frequency of amino acid i is calculated using the following equation:
where n(i) is the total number of amino acid i and N is the total number of amino acids in protein (i.e. the length of protein sequence). Dipeptide composition: Dipeptide composition represents the occurrence frequency of all consecutive amino acid pairs in a protein sequence and corresponds to a 400D feature vector. It can encapsulate information about composition of amino acids as well as their local order, and thus a better way to characterize protein features in contrast with amino acid composition. The occurrence frequency of amino acid pair i is given using the following equation:
where m(i) is the total number of amino acid pair i and M is the total number of all possible amino acid pairs in protein (i.e. the length of protein sequence minus one).
Performance measurement
To measure the performance of our method, the jackknife test is performed on the dataset. In the jackknife test, each protein sequence in the dataset is singled out in turn as a test sample and the remaining protein sequences are used as a training dataset to predict the label of the test sample. Thus, this process is repeated N times for a dataset of N proteins. Compared with other cross-validation methods, such as the sub-sampling and independent dataset test, the jackknife test is considered to be the most effective way and somewhat more rigorous and reliable (Mardia et al., 1979) . A comprehensive analysis is provided in literature (Chou and Zhang, 1955) . The jackknife test has been used to measure the performance of various predictors (Zhou, 1998; Yuan, 1999; Cai, 2001; Feng, 2001; Hua and Sun, 2001; Zhou and Assa-Munt, 2001; Zhou and Doctor, 2003; Xiao et al., 2005 Xiao et al., , 2006 Guo et al., 2006; Sun and Huang, 2006; Zhou and Cai, 2006) . Moreover, five measures, sensitivity, specificity, accuracy, overall accuracy and Matthew's correlation coefficient (MCC) (Matthews, 1975) , are used to access the performance of the present method. The sensitivity and specificity are only used to estimate the performance of the method in discriminating GPCRs from globular proteins, together with the overall accuracy and MCC. As for the classification of GPCR at family level, subfamily level and type level, the accuracy, overall accuracy and MCC are used to access the performance of the present method. They are defined by Hua and Sun (2001) sensitivity ¼ pðiÞ pðiÞ þ uðiÞ ‚ ð5Þ
accuracy ¼ pðiÞ obsðiÞ ‚ ð7Þ
MCCðiÞ ¼ pðiÞnðiÞÀuðiÞoðiÞ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ðpðiÞ þ uðiÞÞðpðiÞ þ oðiÞÞðnðiÞ þ uðiÞÞðnðiÞ þ oðiÞÞ
where N is the total number of sequences, k is the class number, obs(s) is the number of sequences observed in class i, p(i) is the number of correctly predicted sequences of class i, n(i) is the number of correctly predicted proteins not of class i, u(i) is the number of under-predicted sequences and o(i) is the number of over-predicted sequences.
Results and discussion
Our work tries to predict GPCRs at superfamily level, family level, subfamily level and type level, respectively, according to a four-step strategy. The scheme used for encoding proteins is based on the amino acid composition and dipeptide composition. In this way, each protein sequence is represented by a fixed-length feature vector. The prediction results obtained from each step were outlined as follows.
Identification of GPCRs from globular proteins
The performance of our method in identifying 1046 GPCRs from 1046 globular proteins is shown in 
Classification of GPCRs at family level
The 1406 GPCRs belonging to six families were used to access the performance of the present method for classification of GPCRs at family level. The number of proteins in each family was shown in Table II . The performance was tested by the jackknife test. From Table II we knew that the overall accuracy of amino acid composition-based method was 89%, while the overall accuracy of dipeptide composition-based method reached 98.8%. This illustrates that both amino acid composition and dipeptide composition can be used to classify GPCRs at family level with high accuracy.
Classification of GPCRs at subfamily level
The rhodopsin-like family of GPCRs is the largest class from GPCRDB information system. There were 1181 proteins left after the redundancy reduction procedure. We used the present method to classify these proteins into 15 subfamilies. Table III shows the number of proteins in each subfamily and the prediction performance obtained using the jackknife test. The overall accuracy based on amino acid composition was 76.7%, which indicates that amino acid composition alone is not good enough to characterize the GPCRs of rhodopsin-like family. However, a high overall accuracy of 94.5% was achieved by the dipeptide composition-based method. Furthermore, lower performance was observed for those small size groups. This suggests that a better performance would be reached when a complete and larger dataset is established.
Classification of GPCRs at type level
For the classification of GPCRs at type level, we only considered proteins coming from the amine subfamily and olfactory family of rhodopsin-like family. The other subfamilies with fewer prototypes in their subclasses will be investigated in the future when more proteins are available to build a larger dataset. We derived 165 proteins for amine subfamily and 551 proteins for olfactory subfamily. They were used to measure the performance of the present method for classification of GPCRs at type level. The number of proteins in their subclass and the prediction performance are shown in Tables IV and V, respectively. As the prediction performance of amino acid composition-based method was very poor, we only provided the results achieved by dipeptide composition-based method. From Tables IV and V we knew that the overall accuracy for the classification of the 165 GPCRs of amine subfamily reached 94.5%, while the overall accuracy for the classification of the 551 GPCRs of olfactory subfamily was 86.9%. It is clear that high accuracy has been reached by the present method for classification of GPCRs at type level. The MCC reflects both the sensitivity and specificity of the prediction method. From Tables I-V we can see that most values of MCC are near to 1; this shows that the proposed method has high sensitivity and specificity for GPCRs classification. All the results mentioned above indicate that the performance of dipeptide composition-based method is much superior to the performance of amino acid composition-based method. This illustrates the fact that dipeptide composition is better than amino acid composition in capturing the information about protein features. Dipeptide composition contains information about the composition of amino acids as well as their local order. Hence, we may conclude that the sequence local order effect of GPCRs has a significant contribution to their biological function in a cell.
Comparison with other methods
In order to verify the performance of our method, we made comparisons with other methods. The dataset constructed by Karchin et al. (2002) has been tested with the SVMs method for GPCRs recognition (Karchin et al., 2002; Bhasin and Raghava, 2004) . This dataset contains 778 GPCRs for five families of GPCR, where 692 are from rhodopsin-like family, 56 from secretin-like family, 16 from metabotropic glutamate family, 11 from fungal pheromone family and 3 from cAMPlike family. We compared our method with the SVMs method proposed by Bhansin and Raghava (2004) , for they have reported a better performance in comparison with that of Karchin et al. (2002) . The comparison in classifying GPCRs at family level is shown in Table VI . From Table VI we can see that the SVMs method achieved an overall accuracy of 97.3%, while the present method achieved an overall accuracy of Acc, Accuracy. 99.2%. This indicates that the performance of our method is better than that of the SVM-based method.
On the other hand, the dataset from the study of Elrod and Chou (2002) has been tested for the classification of GPCRs at type level with the covariant discriminant algorithm and the SVMs method (Bhasin and Raghava, 2005) , which contains 167 GPCRs of amine family for four types, 31 are of acetylcholine, 44 of adrenoceptors, 38 of dopamine and 54 of serotonin. We also applied our method to the dataset in order to make a direct comparison with their methods. However, we encountered a problem when rebuilding the dataset. There must have some mistakes about the list of accession numbers for the 167 GPCRs in Table 1 by Elrod and Chou (2002) . We noticed that accession numbers P16395 and Q9W180 correspond to the same SWISS-PROT entry name ACM1_DROME, and accession numbers P18825 and P35369 correspond to the same SWISS-PROT entry name ADA2C_HUMAN. They are actually one protein sequence. Thus, we only retrieved 165 proteins by excluding the two entries Q9W180 and P35369, where 30 are of acetylcholine, 43 of adrenoceptors, 38 of dopamine and 54 of serotonin. The comparison results are shown in Table VII . The covariant discriminant algorithm achieved an overall accuracy of 83.2% using amino acid composition. The SVMs achieved an overall accuracy of 89.8 and 96.4% on the basis of amino acid composition and dipeptide composition, respectively. Our method achieved an overall accuracy of 93.9 and 97.6% using amino acid composition and dipeptide composition, respectively. It is clear that our method achieves a superior performance.
Software availability
We have developed a PC/Windows program, GPCRs Identifier, based on the present method for identification and classification of GPCRs at four levels. The program is freely available on request from the authors for scientific purposes, together with the accompanying manual and sample datasets.
Conclusion
In this paper, we have introduced a nearest neighbor method for identifying and classifying GPCRs with a four-step strategy. Amino acid composition and dipeptide composition are used for the representation of protein sequences, respectively. This method is evaluated on a new dataset consisted of 1406 GPCRs and 1406 globular proteins, and high prediction accuracy has been achieved in a jackknife test. Compared with the existing methods, our method provides a superior performance. For the convenience of use in practical application we have developed a stand-alone executable program GPCRsIdentifier based on the proposed method. This program is freely available on request from the authors. The most attractive advantages of this novel method are its simplicity and efficiency. On the other hand, researchers are usually perplexed with some machine learning methods such as SVMs due to the problems of kernel selection and parameter determination. Unfortunately, there is no mature theory at present to tackle these problems. However, no parameters need to be determined for the nearest neighbor method. Therefore, the present method would be a useful tool for the identification and classification of GPCRs. AAC, Amino acid composition; Acc, Accuracy. The performance of covariant discriminant algorithm and our method was evaluated by the jackknife test. The performance of SVMs method was evaluated by 5-fold cross-validation.
